Many smart grid projects make use of dynamic pricing schemes aimed to motivate consumers to shift and/or decrease energy use. Based upon existing literature and analyses of current smart grid projects, this survey paper presents key lessons on how to encourage households to adjust energy end use by means of dynamic tariffs. The paper identifies four key hypotheses related to fostering demand response through dynamic tariff schemes and examines whether these hypotheses can be accepted or rejected based on a review of published findings from a range of European pilot projects. We conclude that dynamic pricing schemes have the power to adjust energy consumption behavior within households. In order to work effectively, the dynamic tariff should be simple to understand for the end users, with timely notifications of price changes, a considerable effect on their energy bill and, if the tariff is more complex, the burden for the consumer could be eased by introducing automated control. Although sometimes the mere introduction of a dynamic tariff has proven to be effective, often the success of the pricing scheme depends also on other factors influencing the behavior of end users. An important condition to make dynamic tariffs work is that the end users should be engaged with them.
Introduction
A couple of years ago, Faruqui et al. [1] came to the conclusion that only a widespread adoption of dynamic tariffs in the European Union (EU) would tilt the cost-benefit balance of the investment in advanced metering infrastructure (AMI) towards a net benefit for society. Such dynamic tariffs come in many forms (cf. Section 2.1), but they all share the general characteristic that they aim for a better reflection of the actual (time-of-use dependent) costs of electricity provision. Giordano and Fulli [2] describe in more detail how AMI could be the key enabling technology for the establishment of new business platforms offering tailored energy services to households. Active energy end-use management through dynamic tariffs could be one of the attractive business offerings of the future for households. Today however, the tariff structure of most households in the EU is still not related to the timing of energy usage (except for day and night tariffs) or the overall level of energy consumption. By failing to reflect the real cost of electricity provision, the current tariff structures also fail to stimulate flexibility in energy demand, and hence to realize system-level benefits in terms of e.g., lowering investments in
Theoretical Background
In this section, we discuss the conceptual framework for analysis. We first define the key terms in our analysis by giving an in-depth characterization of the different attributes of dynamic pricing schemes (Section 2.1). Section 2.2 introduces the main findings of a literature survey on the effects of dynamic pricing on households.
Definitions and Attributes of Dynamic Pricing Schemes
Demand response (DR) programs can be considered as a subset of demand-side management (DSM) programs that rely on price signals as main incentives for altering patterns of electricity usage, which may involve time shifting and/or load reduction [5, 6] . The pricing schemes implemented in the context of DR range from simple time-of-use (TOU) tariffs to more complex and dynamic set-ups such as real-time pricing (RTP). Within TOU pricing schemes, prices are mostly fixed in advance for a long period and have fixed time blocks, whereas RTP typically exhibit a greater variability as prices fluctuate in response to external variables, e.g., hourly market prices. Due to its high stability, TOU pricing is sometimes not regarded as a dynamic pricing scheme [7] . Nevertheless, in the present paper we use the term dynamic pricing as an umbrella terms covering the range from the more stable TOU tariffs to the more changing RTP. In addition, residential demand (RD) charges have been emerging in residential tariff designs mainly in the US and also some preliminary tests have been done within Europe. These RD charges include a fee which is based on the customer's highest demand (expressed in kW) over a certain period of time. Most of these rates combine-aside from a fixed fee-electricity charges based on (peak) load [€/kW] with charges based on energy consumed [€/kWh] which in turn can alter by the time-of-use [8] . As different combinations are possible (e.g., TOU tariff combined with RD charges), the key attributes which characterize the different dynamic pricing schemes have to be defined first (cf. Figure 1 ) to be able to assess the effectiveness of these schemes. can alter by the time-of-use [8] . As different combinations are possible (e.g., TOU tariff combined with RD charges), the key attributes which characterize the different dynamic pricing schemes have to be defined first (cf. Figure 1 ) to be able to assess the effectiveness of these schemes.
Figure 1.
Attributes of electricity pricing schemes (adapted from Dütschke and Paetz, 2013 [7] ; and Dupont et al., 2014 [9] ).
The basic rationale behind dynamic pricing is that the energy price varies by time of use and/or by the current load at household level [7] . Different cost components can be distinguished in energy pricing reflecting the value chain of energy, i.e., generation, transmission and distribution and retail. Moreover, different cost drivers can be distinguished for a given component: costs driven by energy usage [€/kWh], by (peak) power [€/kW] or which are independent of these factors, e.g., [€/# end users]. An example of the latter is the metering cost which is partly driven by the number of end users connected [9] . The underlying costs of the generation and transmission and distribution business largely depend on the energy usage and the (peak) power, whereas the costs associated with retail are typically driven by the number of end users [9] . Both the generation and the transmission and distribution components are thus candidates to be made dynamic and this can be done according to the energy usage [€/kWh] and/or the (peak) power [€/kW] component [1] . The dynamics of a pricing scheme can be expressed by the number of time blocks per day in which the rate can vary, the price update frequency and the price spread, i.e., price differentials between time blocks. In addition to these characteristics, also extraordinary events can be introduced by introducing lower priced periods (e.g., in periods with abundant renewable power generation) or higher priced periods (e.g., in periods with peak demand). Consumers can be stimulated to avoid using energy in periods with peak demand by using critical peak pricing (CPP) or critical peak rebates (CPR). In the latter case consumers receive a rebate if their consumption is below a given threshold during the critical peak period. These events are defined by their duration (e.g., one hour), their average occurrence (e.g., ten times a year) and the price spread (price differentials between events and non-events rates). Finally, end users enrolled in price-based DR programs may respond to price signals in a manual or automated way. Examples of automated response devices are smart thermostats and always-on gateway systems that automatically turn off appliances such as air-conditioning units or freezers during periods of high prices within the limit of comfort settings determined by the end users, or start flexible loads such as washing machines or tumble dryers during periods of low prices taking into account the final deadline defined by the end user.
Literature Review on Household Response to Dynamic Pricing Schemes
The effectiveness of DR programs depends critically on the nature of the system where they are implemented [10] . Relevant factors include climate (e.g., presence or absence of air-conditioning units), built environment (e.g., average insulation level of buildings), appliance ownership (e.g., penetration of various white good appliances), supply mix (e.g., penetration of renewable energy generation), regulatory requirements (e.g., in terms of tariff structures allowed), attitudes to data The basic rationale behind dynamic pricing is that the energy price varies by time of use and/or by the current load at household level [7] . Different cost components can be distinguished in energy pricing reflecting the value chain of energy, i.e., generation, transmission and distribution and retail. Moreover, different cost drivers can be distinguished for a given component: costs driven by energy usage [€/kWh], by (peak) power [€/kW] or which are independent of these factors, e.g., [€/# end users]. An example of the latter is the metering cost which is partly driven by the number of end users connected [9] . The underlying costs of the generation and transmission and distribution business largely depend on the energy usage and the (peak) power, whereas the costs associated with retail are typically driven by the number of end users [9] . Both the generation and the transmission and distribution components are thus candidates to be made dynamic and this can be done according to the energy usage [€/kWh] and/or the (peak) power [€/kW] component [1] . The dynamics of a pricing scheme can be expressed by the number of time blocks per day in which the rate can vary, the price update frequency and the price spread, i.e., price differentials between time blocks. In addition to these characteristics, also extraordinary events can be introduced by introducing lower priced periods (e.g., in periods with abundant renewable power generation) or higher priced periods (e.g., in periods with peak demand). Consumers can be stimulated to avoid using energy in periods with peak demand by using critical peak pricing (CPP) or critical peak rebates (CPR). In the latter case consumers receive a rebate if their consumption is below a given threshold during the critical peak period. These events are defined by their duration (e.g., one hour), their average occurrence (e.g., ten times a year) and the price spread (price differentials between events and non-events rates). Finally, end users enrolled in price-based DR programs may respond to price signals in a manual or automated way. Examples of automated response devices are smart thermostats and always-on gateway systems that automatically turn off appliances such as air-conditioning units or freezers during periods of high prices within the limit of comfort settings determined by the end users, or start flexible loads such as washing machines or tumble dryers during periods of low prices taking into account the final deadline defined by the end user.
The effectiveness of DR programs depends critically on the nature of the system where they are implemented [10] . Relevant factors include climate (e.g., presence or absence of air-conditioning units), built environment (e.g., average insulation level of buildings), appliance ownership (e.g., penetration of various white good appliances), supply mix (e.g., penetration of renewable energy generation), regulatory requirements (e.g., in terms of tariff structures allowed), attitudes to data privacy (e.g., ownership of data readings from smart meters), socio-economic variables (e.g., income, education, size of households, etc.), other attitudes (e.g., towards the environment or individual financial gains) and timing and practical execution of everyday practices (e.g., doing the laundry, washing dishes, entertainment, etc.) [5, 11] . The variety of factors in play makes it extremely difficult to predict the effectiveness of a given DR program. What can be stated in terms of statistically significant correlations relevant to different system contexts is limited and intuitively obvious. The results of the ADVANCED project (http://www.advancedfp7.eu/), which builds on a database containing meta-analyses of 138 active demand pilots, serve well to prove this point. The ADVANCED consortium found out that households with higher electricity consumption tend to achieve greater overall electricity demand reduction-a rather commonsense result, because they have more scope for doing so [12] . Other findings are that homeowners are more likely to reduce energy demand than households renting their place; that households with automated electric water heaters will respond better to incentives to use more energy for a while (the boiler can heat the water up to the upper temperature setting when electricity prices are low); and that older people are more likely to shift loads in time (probably because they spend more time at home). No statistically significant correlations between other socio-economic factors such as household income or education and response to price signals could be found by the ADVANCED consortium, while Faruqui and Sergici [13] did find a correlation between average education level and load shifting. We can therefore conclude that careful contextual and transdisciplinary research and understanding, building on the insights and practices of local stakeholders and households, is needed to make a specific DR program a success [14] . However, there is also a need to transcend the single-case perspective and to stimulate learning across projects. The aim of the present survey paper is to contribute to this mutual learning, by assessing prospects for residential DR from the standpoint of the end users. To do so, we first present the findings of some meta-reviews on the effects of DR programs (for more details, see the S3C project Deliverable 1.1 [15] ). The results are summarized here under the headings of four guiding hypotheses in the field of end-user response to dynamic pricing schemes. These hypotheses refer to the attributes 'Dynamics', 'Events' and 'Automation vs. manual response' (cf. Figure 1) , which are most apparent from the end-user point of view. The survey of the case research reported in Section 4 then looks for a validation or refutation of these hypotheses based on empirical findings.
H1: In order to stimulate load shifting, the number of time blocks of electricity pricing schemes should be limited and prices should not be updated too frequently.
Dynamic pricing rates should be easy for the customer to understand [6, 16] . If the customer does not understand how the pricing scheme works or is overburdened with information, they will not be able to respond appropriately to the price signals manually. Following this simplicity requirement, each day should be divided into a limited number of time blocks when designing a dynamic tariff. Moreover, if the scheme alludes at changing the routine behavior of the end user, prices should not be updated too frequently, but remain the same and thus predictable over a reasonable amount of time. Survey results reported in Dütschke and Paetz [8] showed that end users were more likely to enroll in pricing programs where prices are fixed for a longer period. Furthermore, the responsiveness of participants increases when the change in tariff is announced timely (e.g., a day rather than an hour in advance) [10] . On the other hand, depending on the project goal, it might for example be needed to include seasonal effects or even shorter term effects. In case the end user is being supported by a reliable automated energy system in translating the price signals into actions, more dynamic and complex tariff arrangements with higher update frequencies become feasible (cf. infra) [1, 13] . However, the understandability of the pricing scheme is still required, as the user has to be willing to give the control over appliances to the new energy management set-ups and understanding is an important prerequisite to engagement in a DR program [17] .
H2: The response of end users to extraordinary events will be better when they are announced timely and are limited in duration.
By definition, extraordinary events occur rarely, e.g., only a few times a year. The responsiveness of participants increases when the occurrence of an event is announced timely (e.g., day-ahead) [7] . In addition, a shorter period makes it easier for end users to shift load [5, 11, 18] . These findings are in line with Strengers [19] , who argues from a practice-based perspective that relatively short (e.g., up to four hours) and properly announced critical peak-pricing events allow households to re-arrange their daily routines in response to this price signal by e.g., undertaking alternative practices, shifting peak-time practices (e.g., doing the laundry) to other times of the day, and/or leaving the house.
H3: In order to convince end users to change their energy end-use behavior, price spreads should be considerable.
In order to give a strong price signal to end users, the price spread should be large [6, 16] . According to Stromback et al. [4] , end users react more to changes in price than to the actual price of electricity. A comparison across trials reported in [18] confirms this statement. Faruqui and Sergici [13] refer to an "arc of price responsiveness", meaning that the amount of demand response indeed rises with the peak to off-peak price ratio but at a decreasing rate. Field test results reported in [7] also showed a preference for higher price spreads focusing more on the chance to save money as long as there was a cap on the highest price zone. Darby and McKenna [5] however indicate that consumers, because of their greater familiarity with flat rates, are more willing to participate in programs with smaller spreads and thus minimizing their financial risk. These findings of course do not need to be contradictory. In general, end users that are not enrolled in a dynamic pricing scheme yet might be risk averse and prefer a low spread, while end users that are subject to dynamic tariffs with larger spreads have more incentives to shift consumptions and thus exhibit stronger reactions to price signals.
H4: For complex and/or unpredictable pricing schemes automatic control should be applied in order to increase the load shifting by end users.
Households enrolled in price-based programs may respond to price signals in a manual or automated way. Research indicates that consumers are not keen on changing daily routines, so they seem to be more in favor of automated DR than manual control [7] . Moreover, end users cannot be expected to be continually monitoring a price signal and react accordingly. Therefore some kind of automation is needed when complex tariff designs are applied [20] . Hence, there appears to be considerable potential for deploying enabling technologies to foster greater price response [6, 21] . This is also backed by the results reported in [4] showing that applying automated control to smart appliances that can react to outside information leads to considerably higher end-user response for TOU and critical peak tariffs. Faruqui and Sergici [13] indicate that for a given price ratio experiments with enabling technologies-including besides automation also in-house displays (IHDs) and ambient displays-tend to produce larger peak reductions and display more price-responsiveness. Moreover, consumers subject to RD charges which vary by time of use and (peak) load can lower their electricity bill by a) avoiding simultaneous use of appliances to lower their peak load and b) shifting energy usage away from more expensive to less expensive hours. As this adds to the complexity, enabling technologies could assist consumers when demand charges are applied. Further piloting and research is however needed to validate this [8] . It thus appears that for complex and/or unpredictable tariff structures, automatic control is a better fit. In this case, the simplicity requirements are less stringent although the end user should still be able to understand the tariff. However, Stromback et al. [4] (p. 67) also stress the need for consumer education (broadly defined) even when using automated devices. These authors found that 92 trials using a static TOU without any accompanying end-user education gave an average 1% rise in overall consumption and a 4% fall in peak usage, whereas 122 trials that included some education led to 4% overall and 6% peak reduction.
Case Study Methodology
Next, we attempted to test whether these hypotheses were confirmed or contradicted by recent experiences in European smart grid pilot projects. Sorell [22] sets out the guidelines for systematic reviews in the field of research related to energy policy. They involve:
• A clear specification of the research questions to be addressed; • Systematic and exhaustive searching of available literature; • Applying explicit criteria for inclusion or exclusion of studies or cases; • Appraising the quality of the included studies/cases using transparent criteria; • Summarizing and synthesizing the results in an objective manner.
Bullet points one and two of Sorell's list are addressed in the previous section in the form of a set of key hypotheses on the effectiveness of dynamic pricing schemes. The following sub sections describe each of the bullets three to five in more detail.
Application of Explicit Criteria for Inclusion or Exclusion of Studies or Cases
For the purpose of the S3C project, we were specifically looking for the most interesting and promising smart grid projects with learning potentials from the point of view of end-user engagement. The selected projects form the so-called S3C "Family of Projects" (FoP). The identification and selection of projects to form the FoP has been based on two different pillars:
• Selection of projects in two already existing databases, with the rationale to capture at least those projects that are already known in the research community:
• the JRC-Petten database on smart grid projects in Europe, which is currently under the analysis of the Grid+ project (coordinated by RSE, one of the S3C partners), and • the list of demonstration projects that has been built within the "Member States Initiative:
A pathway towards EEGI functional projects" within the European Electricity Grid Initiative (EEGI);
• A selection of projects proposed by each S3C project partner, mostly on a national and local level, with the rationale to additionally capture those projects that might be less widely known, but with a particularly innovative character.
Based on these two sources, a long list of potential candidate projects for inclusion in the S3C project was drafted. Consequently, the list was thoroughly screened using an extensive set of selection criteria (for more details, see the S3C project Deliverable 2.1 [23] ). The most important inclusion criteria used were:
• Does the project have a central focus on end-user engagement? • Does the project include actual field experiments? • Are all data available for analysis in S3C and are there no restraints on the use of these data?
In the end 32 smart grid projects that fulfilled all three criteria were found willing to share their experiences with the S3C project consortium. This number compares well to the 55 European smart grid projects with a focus on consumer engagement identified by Gangale et al. [24] using the JRC database, with 38 projects found willing to answer a questionnaire. For the purposes of this paper, only those projects that have implemented or are currently implementing dynamic pricing schemes are considered (13 in total). Out of these projects, only those that had concluded testing and already performed an evaluation at the time of writing have been considered (9 in total). The Table A1 in Appendix gives an overview of these projects and the type of dynamic tariffs they used. Project results relevant to the different hypotheses are discussed in Section 4.
Even if the number of case studies on which this paper is based is limited, they still represent the result of a search based on the use of the JRC and EEGI inventories, which can be considered the most comprehensive and updated inventories of smart grid projects in Europe to date. Given the qualitative nature of our research (cf. Section 3.2) and the small sample size, serious limitations of course exist with respect to the generalizability of the empirical results. The aim of our research, however, is not to make a comprehensive assessment of household responses to dynamic tariffs, but instead to explore, document and discuss different types of response witnessed today in a number of experimental set-ups.
Quality Appraisal of Included Cases Using Explicit Criteria
The qualitative case studies conducted in S3C provide insights in how each member of the FoP deals with end-user engagement, including specific experiences with dynamic pricing schemes. The case study methodology was based on a triangular data collection, extracted from project documentation and interviews with project representatives and/or implementers. In some case studies these sources were complemented with (group) interviews with end-user participants in the project and/or interviews with stakeholders involved in implementation and/or monitoring. Each case study was performed by the S3C consortium partner who established contact with the respective smart grid project, based on a predefined case study format (on file with the authors). To assure high quality and consistency standards, each case study was thoroughly reviewed by another consortium partner. In addition, factual project information on the end-user interaction schemes used by each case study was entered into an online database.
Summary of Results in an Objective Manner
In the process of drawing conclusions we were faced with a number of difficulties. First, as mentioned in Section 2.2, a full understanding of household reactions to DR interventions requires an in-depth contextual understanding, especially of the energy-related practices (washing, drying, heating, air conditioning, bathing, cooking) these households are engaged in. Since we had to rely on the research done and reported by the smart grid pilots themselves, this detailed information was not available to us. Secondly, as many projects applied multiple incentives combined with several other interventions, such as project communication, the appropriate type of end-user feedback, and so forth, it was difficult to single out the effect of introducing dynamic tariffs. Third, due to the diversity of projects that were investigated-in terms of project design, scope, scale, timeframes, objectives and target groups-it is also difficult to compare them on equal footing in the cross-case analysis.
In view of these difficulties, a staged research method was used to draw cross-cutting lessons from the individual cases. First, a thematic analysis of cause-impact relations was conducted to formulate tentative answers on the hypotheses. To this end, data packages relevant to the different hypotheses were assembled from the case study reports, drawn from the respective sections in the case study template. Next, a cross-case analysis was carried out to identify interdependences, contradictions and congruencies among the outcomes of the thematic analyses and to assess cross-cutting cause-impact relations, success factors and pitfalls w.r.t. end-user engagement. In order to identify successful interventions and to clarify the reasoning based on which success factors, pitfalls and best practices have been attributed, the qualitative data analysis process was based on the Toulmin Model of Argumentation [25] . Toulmin's model enables to rigorously think about backings, warrants and countervailing factors for recommendations, thus making the argumentation and findings solid.
For each intervention that was found in the case studies, a claim (thesis) was made explicit, followed by the warrants (supporting statements), backings for these warrants and the rebuttals (counter-arguments) deriving from the case study data. The outcomes of these research steps were integrated into a synthesis of results and generic conclusions from the cross case-analysis (for more details, see the S3C project Deliverable 3.4 [26] ). The results of this reconstruction are next discussed in Section 4.
Results
This section compares the results of the in-depth analysis of the S3C case studies with the findings from literature starting from the four hypotheses introduced in Section 2.2. Tables 1-4 summarize our findings from the selected projects on the four hypotheses.
H1: In order to stimulate load shifting, the number of time blocks of electricity pricing schemes should be limited and prices should not be updated too frequently. This hypothesis has received strong support from the analysis of one of the projects in the S3C FoP, the Allgaeu trial site of the AlpEnergy project in Germany. The AlpEnergy project team developed two different tariff arrangements, both of which are TOU tariffs, but with different levels of complexity. The static pricing model consisted of two price levels (price spread of 5 ct/kWh), distributed over the day in two time zones that remained the same between October and March and then changed in April. Essentially, the cheap price level during lunch and early afternoon hours reflected the abundant generation from solar panels in the region. The target was to sensitize the end users to the fluctuating feed-in of electricity from the solar panels into the grid. The results of this project imply that a more dynamic tariff is by no means a guarantee for higher load shifting and that the acceptance for less complex tariffs with an easy-to-understand rationale is higher than for a complex arrangement [27] . Within this tariff arrangement, the end users (70 households in total) succeeded in shifting 2% of their consumption into the lower-priced zone manually, since they did not receive an automated energy management system to support their efforts. Instead, they had access to a web portal, where they could receive information on their tariff and their consumption, and were sent a monthly informative bill. At the same time, the project tested the so-called dynamic pricing model with 30 households. This is also a TOU tariff, but consists of a more flexible and complex structure. The price spread between highest and lowest prices remained the same (5 ct/kWh). However, the dynamic pricing scheme consisted of five pricing levels which were distributed over five time blocks throughout the day. The distribution of the time blocks furthermore changed on a 36-hour basis. The changes were announced day-ahead on the web portal. This customer group also received a smart home starter kit to allow for automated control of two or three household appliances to support them in shifting their loads while decreasing the perceived loss of comfort by the participants. Yet, in spite of the support through the smart sockets, the 30 households testing the dynamic pricing model only succeeded in shifting 1% of their overall consumption into the lower-priced time blocks of the day. Surveys throughout the field test and after its conclusion revealed that 90% of the end users billed in the more static pricing model considered the price spread to be sufficient and stated that the feedback instruments were adequate in delivering the necessary information to perform the load shifting activities [27] . They praised the understandable structure and rationale of the tariff, which they could easily relate to the region's vast solar energy potential. The end users billed in the more dynamic pricing model however criticized the complex structure as being too difficult to translate into action. More than a third of the dynamic customers never registered to the web portal and thus, in fact, never received the price information upon which they could have based their consumption decisions [27] .
Further supporting evidence for this thesis can be found in the results of the E-DeMa trial, another smart grid trial from Germany. Given the choice to switch their tariff arrangement on a monthly basis, most of the end users showed an interest in trying different solutions, but a clear tendency to eventually opt for a relatively static and easy-to-understand TOU tariff could be deduced. The seven different options that were available each month included easy and complex TOU tariffs, RTP tariffs, options for tariff events and consumption-oriented tariffs as well as a contracting option that directly linked end users and aggregators [28] . A majority of the end users eventually preferred the relatively easy and static TOU structure that consists of two price levels (with a price spread between 10 ct/kWh and 20 ct/kWh, updated monthly based on European Energy Exchange prices) and two time blocks. The distribution of the two time blocks (expensive tariff zone between 7 a.m. and 9 p.m., cheap tariff zone between 9 p.m. and 7 a.m.) remained stable, so that it was easy for the end users to adapt their behavior. Very active participants achieved load shifts of up to 8.7% from the expensive to the less expensive zone. On average, the incentives could trigger a load shift of about 3.6% [28] . One of the main conclusions drawn by the project is that a tariff product should consist of a maximum of five time blocks in order to avoid an overly complex structure that is not accepted by the end users. Furthermore, end users cannot be expected to change their behavioral patterns too often. If the distribution of price levels over the day changes too often, there is an increased risk of frustrating end users that just learned to adapt their consumption to one tariff structure and have to reconsider the management of energy-related practices in their household yet again [28] .
Similar results were found in other projects within the S3C FoP. For instance, the TOU tariff applied to all households in Italy is a very simple tariff structure consisting of two time blocks per day and with quarterly price updates. This was a positive factor from the end users' point of view, and about 60% of the households involved indicated that they had shifted at least some of their consumption from the more expensive peak hours to cheaper off-peak hours. This resulted in a shift of 1% of total energy consumption from peak to off-peak hours with respect to the period prior to the introduction of the TOU tariff [29] . The CLNR project (Customer Led Network Revolution) in England also opted for a simple tariff scheme: a three-rate TOU tariff which is updated once a year. Preliminary field trial results showed that the average half-hourly energy use reduced by 14% during the peak period (between 4 p.m. and 8 p.m.), suggesting considerable behavioral change in energy end use [30] .
Within the Sala-Heby project in Sweden, the distribution system operator introduced a power-based TOU distribution tariff to 200 households in their distribution area. Before the introduction of the new tariff, the end users had a conventional distribution tariff with an annual fixed access charge depending on the fuse size and a variable distribution charge (rate per kWh).
The new tariff included a fixed access charge depending on fuse size and a variable distribution charge calculated as the average of the five highest meter readings in peak hours (rate per kW), which can be seen as a Residential Demand (RD) charge. Peak hours were set to weekdays between 7 a.m. and 7 p.m., and remaining hours are referred to as off-peak. In off-peak hours, electricity distribution is free of charge. The level of the power-based tariff during peak hours varied between summer (2.57 €/kW) and winter (8.54 €/kW) season in 2007-2008. The applied distribution tariff thus has two time blocks and is updated once a year. Project results show that there has been a consistent change of behavior after the power-based tariffs were introduced: the absolute shift from peak to off-peak and vice versa was distributed between the summer (8.7%) and the winter (1.6%) season [31] . A follow-up study found that during the six year period following the first study (2009) (2010) (2011) (2012) (2013) (2014) , households responded to the price signals by reducing individual peak demand by 9.3% (summer) and 7.5% (winter) as well as shifting electricity consumption from peak to off-peak hours by 2.4 and 0.2% respectively in the summer and winter seasons [32] . Although residential consumers are not used to being charged based on power instead of energy and most participants even indicated that they had not bothered to understand in detail the consequences of the power-based tariff, they were satisfied with noting that it is better for their private economy to use electricity in off-peak periods, supporting this first hypothesis.
H2: The response of end users to extraordinary events will be better when they are announced timely and are limited in duration. Results recently published by the German smart grid project eTelligence suggest a high potential for events (notification 1 day ahead, duration 2-4 h), not only in terms of load shifting, but also in rendering the participation in smart grid projects fun and thus creating new habits that facilitate the adaption of short-notice price changes. The so-called 'Event Tariff' developed by the project team consisted of a TOU basic tariff with two price levels (with a price spread of 26.12 ct/kWh) that are distributed in two time blocks on weekdays. During the weekend the end users were only billed in the less expensive tariff zone. In addition, so-called 'bonus' events (0 ct/kWh) and 'malus' events (120 ct/kWh) occurred based on the availability of renewable energy in the local grid [33] : these events were announced day-ahead. The field test took place in Cuxhaven close to the North Sea, where the regional energy mix is characterized by a high share of onshore and offshore wind generation. In fact, on particularly windy days the regional grid is overburdened by excess generation from the wind plants whereas on less windy days, electricity has to be bought in from elsewhere. The events served to sensitize the end users to these consequences of the local energy mix and in fact were successful at doing so. The end users used up to 20% less electricity during malus events and up to 30% more during bonus events. Results suggest that in case of bonus events, the 30% increase of load does not only originate from shifting the time-of-use, but also derives from more consumption due to the low price. End users taking part in the field trial for instance planned short-notice neighborhood parties with activities with high energy consumption when a bonus event was announced, thus showing their creativity in making positive use of the price incentive. This in turn increased the overall acceptance of the innovative tariff scheme. This approach could be mixed with an overall community approach, in which tariff events are consistently linked to competitions and community events to facilitate the reaction to the price signals for the consumers [33] .
H3: In order to convince end users to change their energy end-use behavior, price spreads should be considerable. The empirical findings present conflicting evidence as to whether or not high price spreads are a key to changing energy end-use behavior. Relatively large price spreads as e.g., the events in the eTelligence projects (0 ct/kWh on a bonus event and up to 120 ct/kWh on a malus event, cf. supra) triggered the most substantial load shifting in the project sample surveyed for this article (−20% in case of a malus event and +30% in case of bonus events, cf. supra). This evidence suggests not only that high price spreads lead to strong reactions, but also that more consumption is easier to implement for end users than less consumption [33] . On the other hand, the hypothesis can be attenuated based on the experience from the AlpEnergy project. A lesson that could be drawn from this trial is that in case a tariff is fairly easy and allows the end users to only once adapt their behavior or only a few times throughout the life cycle of the project, a limited price spread is fully acceptable, leading however to limited load shifting [27, 34] .
One of the goals of the project "Model City Mannheim" (MoMa) was to determine the price elasticity of energy consumption. The RTP tariff implemented in their final phase was fully flexible and allowed for a calculation of the price elasticity of the consumption of the field test customers. The overall price spread between the 31 price levels was set at 7.75 ct/kWh and the distribution of the hourly time blocks and prices was changed on a daily basis and announced a day ahead. The project calculated a significant price elasticity of −0.106 on average-i.e., if the price of electricity was raised by 100%, the end users reacted with a decrease of consumption by 10.6% on average. However, it needs to be stressed that the price incentives did not reflect the currently available price spreads within given energy markets and regulatory frameworks [35] .
While the meta reviews cited in Section 2.2 indicate that financial incentives should be high enough to result in actual gains to justify the loss of comfort or convenience associated with behavioral change, other end-user engagement options (besides or on top of the financial incentives) that attenuate other losses can be considered. For example, a gamification approach can be adopted, rendering the engagement in a smart grid project fun by enabling a permanent sense of achievement and feeling of membership in a club. Given that even the successful group in the AlpEnergy trial only managed to shift 2% of their energy end use [27] , experimenting with other incentives that do not only rely on financial benefits appears to be an imperative.
H4: For complex and/or unpredictable pricing schemes automatic control should be applied in order to increase the responsiveness of end users. Automation does not only ease the burden on the consumer in reacting to complex and ever changing price signals, it might also serve to increase the overall flexibility of residential consumers. The AlpEnergy project and several other smart grid trials have identified the problem that in case end users are supposed to react manually to price signals, load shifting or energy saving requires first their presence at home, and second a willingness to consciously consider demand response options, which takes time [27, 34] . An automated energy management system can tackle these issues. However, there is a risk that end users will not think outside the box of the energy management system, thus restricting the load shifting to its parameters only and ignoring other options, which will limit the optimal usage of the tariffs. Ideas on how to change energy practices such as mowing the lawn a few days earlier, recharging all accumulators, inviting neighbors to a spontaneous party, etc. (all witnessed in the context of the eTelligence trials [33] ) cannot be triggered by smart automation software. Furthermore, the manual control schemes can be seen as a first step of a learning process to increase the acceptance of smart end-use solutions. In fact, manual options should not be neglected and automated schemes should not be preferred per se.
The aforementioned E-DeMa project for instance succeeded in successfully implementing automation, but the project results show that the difference between manual and automated load shifting potential is limited at this point in time. The project tested both options in a comparably stable technical environment with little technical difficulties. However, the differences in load shifting potential for the two end user groups were not significant and both set at around 3%. Active consumers shifting their loads manually achieved better results than many passive customers with energy management systems. This finding underlines the fact that automated solutions requires active end-user acceptance based on the conscious examinations of settings and consumption preferences. However, as technology becomes more reliable and arising options are easier to grasp for customers, the situation could change [28] .
The Belgian project Linear has tested a tariff scheme which is quite dynamic (tariff scheme with 6 time blocks and a daily update of tariffs based on Belpex day-ahead market prices and predicted generation of wind power and photovoltaics) [36] . Within this project it was decided to implement two different reward systems: one test group had the possibility to save on their electricity bill by manually shifting electricity according to the TOU tariff, while the other test group was remunerated according to the numbers of hours of flexibility provided by their smart appliances. The results show that both reward systems induce a change in energy consumption. However, a lot of response fatigue was observed in case of manual control and feedback of the test group with manual control clearly indicated that the pricing scheme was too complex to shift consumption manually. End users that were part of the test group with automated control of their white goods (dishwasher, washing machine and tumble dryer) and domestic hot water buffers realized larger and more predictable demand shifts [37] .
In case new technical components are applied that are still of prototype character, a friendly-user test phase should be a precursor to the large scale rollout in order to avoid the aforementioned problems. This message was well-understood by the Energy@Home project (which is set in Italy and uses the TOU tariff applied to all households there) where they opted for technology which was not only easy to install and to be used by end users, but also compatible with devices that were already used in the households. This way, the automation allowed a deep integration of the system with end users' daily routines without much effort, which in turn determined the positive outcome of the project [38] .
Based on the experience of MoMa that proved a high price elasticity in spite of yet unstable technological set-ups, and E-DeMa that could not prove a strong difference between manual and automated load shifting, a new hypothesis can be added: Automation in itself is not the key to successful load management [28] . Automation coupled with a learning process, in which the end users are continuously supported in case they need further feedback, is the key to success [28] . This points to a conclusion that has also been drawn in Lewis et al. [39] : the change of energy practices is a process, in which the end users have to discover their new options step by step and need to be guided through their decision making on which kind of energy practice changes can be accepted and which cannot.
Discussion
Recent research has stressed the importance of looking at residential demand response from a social practice theory point of view [13, 18] . Looking at energy-related behavior through the lens of social practices enables an analysis of behaviors at different levels of consciousness, ranging from habitual to conscious and one-shot behavior. Energy-related practices (like washing, cooking, heating, etc.) can typically be considered habitual. However, behaviors aiming for a change of practices-like deciding whether to engage in a DR program and/or to buy smart appliances-are rather conscious or even one-shot. The process of end-user engagement in DR programs and their consequent interaction with new technologies, feedback and pricing schemes can be interpreted as a continuous change process. At the start of the process, it is assumed that end users carry out their energy-related practices in a rather habitual manner. As end users become engaged in a DR program, they are stimulated towards more conscious decision-making. This phase can be considered rather disruptive, as existing practices need to be reconsidered and redefined. In this activation phase, end-user interaction is targeted typically at achieving active end-user participation and an explicit consideration of old and new practices. As new practices are adopted, behavior becomes again more habitual. In the continuation phase, end-user interaction is then more aimed at supporting and reinforcing the new energy practices. The next sections summarize our findings on activating and continuing new behaviors in interaction with DR programs (Sections 5.1 and 5.2), while Section 5.3 discusses the limitations of our research.
Activating Behavioral Change with Dynamic Pricing
Based upon existing literature and an analysis of current smart grid projects, this paper has established that dynamic pricing schemes indeed activate behavioral changes in households, provided some rules of thumb are taken into account. In order to work effectively, the dynamic tariff should be simple to understand for the end users, with timely notifications of price changes, a considerable effect on their energy bill and, if the tariff is more complex, the burden for the consumer could be eased by introducing automated control. Although sometimes the mere introduction of a dynamic tariff has proven to be effective, often the success of the pricing scheme depends also on other factors influencing the behavior of end users. An important condition to make dynamic tariffs work is that the end users should be engaged with them. This can happen through a change in energy-related practices in the case of more static tariff schemes, but also by offering adequate information or mature enabling technology (e.g., in-home displays or automated devices) if the tariff structure is more dynamic. With regard to the potential of offering automated devices (e.g., as part of a new dynamic pricing 'package') as a means to 'activate' end users, there is some generally positive evidence available. For instance, Fell et al. [40] found out that a representative sample of the British population actually prefers direct load control of appliances (allowing electricity suppliers to cycle people's heating on and off for short periods in return for a lower flat rate cost per unit) over static or dynamic TOU tariffs, both with and without automated control. These findings suggest that the idea of fully-automated direct load control of appliances is acceptable in principle to many people, provided that it is operated within tightly defined bounds (in this case, only a variation of 1 °C around a set temperature was allowed) and with an override option. Qualitative research reported in [41] also show that energy customers show a generally favourable attitude towards home energy automation and smart appliances, because of the expected ease of use and the potential to maintain householder comfort. Since automated solutions are intended to be integrated in household energy practices, this interaction should fit the needs, wishes and capabilities of the end users. The acceptance of automation/remote control will therefore in general be different for different household practices/appliances. Appliances such as freezers, electric boilers, heat pumps or electric vehicles are due to their high power and energy usage not only a very interesting 'target' for a DR program; they moreover likely show the greatest potential for automation (because their energy usage happens 'behind the back' of the end users, e.g., with an electric car, the end user can specify by when the car should be recharged, but he/she is not interested when-within the time period specified-the charging actually occurs). In addition, people may change their appreciationchanging from an initially hesitant attitude to a more enthusiastic one or changing from enthusiasm to weariness with a particular technology. In the Linear project, the test group using automated appliances reported no loss of comfort when using the smart appliances and remained enthusiastic throughout the project, while the test group manually reacting to a TOU tariff reacted in a In order to work effectively, the dynamic tariff should be simple to understand for the end users, with timely notifications of price changes, a considerable effect on their energy bill and, if the tariff is more complex, the burden for the consumer could be eased by introducing automated control. Although sometimes the mere introduction of a dynamic tariff has proven to be effective, often the success of the pricing scheme depends also on other factors influencing the behavior of end users. An important condition to make dynamic tariffs work is that the end users should be engaged with them. This can happen through a change in energy-related practices in the case of more static tariff schemes, but also by offering adequate information or mature enabling technology (e.g., in-home displays or automated devices) if the tariff structure is more dynamic. With regard to the potential of offering automated devices (e.g., as part of a new dynamic pricing 'package') as a means to 'activate' end users, there is some generally positive evidence available. For instance, Fell et al. [40] found out that a representative sample of the British population actually prefers direct load control of appliances (allowing electricity suppliers to cycle people's heating on and off for short periods in return for a lower flat rate cost per unit) over static or dynamic TOU tariffs, both with and without automated control. These findings suggest that the idea of fully-automated direct load control of appliances is acceptable in principle to many people, provided that it is operated within tightly defined bounds (in this case, only a variation of 1 • C around a set temperature was allowed) and with an override option. Qualitative research reported in [41] also show that energy customers show a generally favourable attitude towards home energy automation and smart appliances, because of the expected ease of use and the potential to maintain householder comfort. Since automated solutions are intended to be integrated in household energy practices, this interaction should fit the needs, wishes and capabilities of the end users. The acceptance of automation/remote control will therefore in general be different for different household practices/appliances. Appliances such as freezers, electric boilers, heat pumps or electric vehicles are due to their high power and energy usage not only a very interesting 'target' for a DR program; they moreover likely show the greatest potential for automation (because their energy usage happens 'behind the back' of the end users, e.g., with an electric car, the end user can specify by when the car should be recharged, but he/she is not interested when-within the time period specified-the charging actually occurs). In addition, people may change their appreciation-changing from an initially hesitant attitude to a more enthusiastic one or changing from enthusiasm to weariness with a particular technology. In the Linear project, the test group using automated appliances reported no loss of comfort when using the smart appliances and remained enthusiastic throughout the project, while the test group manually reacting to a TOU tariff reacted in a 'disappointed' way (cf. Section 4, Hypothesis 4). Hence, provided that the experiences of the 'early adopters' of automated devices in combination with dynamic tariffs turn out to be positive, these experiences can be used as a 'lever'-by word-of-mouth or other normative social influences [42] -to enroll other households in DR programs.
Persistence of Behavioral Change in Interaction with Dynamic Pricing
Especially in cases in which price incentives have to be translated into action manually, the risk exists that households over time revert to old practices. Accordingly the change in behavior reverses to a certain degree. However, results from different projects suggest that in most cases, the change in behavior is conserved to a certain extent over the duration of the field trial, even if a "fatigue effect" sets in [13] . The automatic implementation of dynamic pricing through energy management system can decrease the risk effect of the fatigue effect. In the Linear project, it was clearly shown that end users which were part of the test group with automated control of their white goods (dishwasher, washing machine and tumble dryer) and domestic hot water buffers realized larger and more predictable demand shifts, while the end users manually responding to the TOU incentives showed a large degree of response fatigue. However, in case technology is still in its infancy and unreliable, energy management solutions can actually cause or increase the fatigue effect, as end users engaged in trials become frustrated [43] . In order to keep end users engaged and actively participating in the project on the long term, it is important to make them feel they are doing something important. Other ways to stimulate interest need to be considered, e.g., comparison with other end users. In the Energy@Home project for example, the end-users' interest curve in the project started to go down some months after the start of the project. To stimulate the interest of the participants, a personalized newsletter (containing a graph comparing the end-user's weekly consumption with the weekly average) was introduced. This seemed to be successful in regaining the end-user's interest, as it resulted in a further decrease in end-users' consumption [38] .
In the E-DeMa project, different behavioral patterns regarding the fatigue effect could be described for different types of end users. Based on their performance throughout the field test, the end users were categorized as passive (monthly savings below 3.9% of the usual energy bill) and active (monthly savings of more than 3.9% of the usual energy bill) [28] . While the active participants maintained a high engagement throughout the field trial and performed steady load shifting and/or savings, the passive end users started to lose interest after a few months and decreased their efforts. Based on data from the field tests and a questionnaire that included information on the socio-economic background of the participants, the research team discovered a correlation between education and the status of a participant. The higher their education, the more likely the end users were active end users [28] . Furthermore, active customers in the field trial were likely to live in household situations without children and in a situation in which one or more of the participants did not work or only worked part-time. This leads to a hypothesis on the influence of social practices on the performance and flexibility exhibited by households in smart grid trials. The free time available to act on the incentives and to look into the new possibilities provided by the innovative technologies is crucial for the performance in a field trial. Households with children and stronger routines have more difficulties adjusting their consumption, as their habits and daily agendas are more constrained than those of households without children. Furthermore, the test sample of the MoMa and the Linear project underlines the finding that the smart grid is currently an elite, early-adopter topic. Highly educated, richer than average home owners were clearly over-represented in the test households participating in these projects [35] .
Limitations of the Research
It is important to note that in the projects that were studied a combination of monetary (including dynamic tariffs) and non-monetary incentives are offered to the participants, e.g., new smart appliances or bonus points that can be gained from energy saving games. This makes it hard to single out the effect of the dynamic pricing scheme. Another potential limitation to the generalization of the results of this paper is that smart grid project set-ups are very heterogeneous. Just as technological standardization and ensuring interoperability of different smart grid components are the key to developing market ready smart grid products, standardization of processes and research designs in the end-user activation and engagement will become the necessary prerequisite to gain scalable and replicable insights into end-user behavior, which are crucially needed to develop an acceptance and, thus, demand for the new technologies on the European markets. Since (a) nearly every demonstration project devises its own research formats based on different baseline calculations; (b) nearly all of them work with unrepresentative test samples; (c) the incentive combination and communication strategies connected with dynamic pricing schemes are unlimitedly diverse and (d) many factors influencing end-user behavior remain unknown, the results of smart grids projects can hardly be compared at this point. Up to date, similarities and differences can be pointed out and different hypotheses can be drawn. However, in order to gain acceptance for a potential smart meter and smart technology rollout, more research is needed that should ideally be based on a common research approach.
Conclusions
Breukers et al. [14] have pointed out that effecting a change in consumer behavior is a central part of a successful DR program. Behavioral change is something that has to be worked for, and is not going to occur automatically by introducing some form of dynamic pricing [44] . Households need to go through a learning experience, spanning the different stages of getting motivated (e.g., by offering some incentive or tapping into environmental values and attitudes), activating behavioral changes in interaction with the DR program, and continuing the newly acquired behavior. Many different factors besides the design and set-up of the dynamic tariff play a role in this process. Still, from our research some useful principles or rules of thumb related to fostering flexible energy behavior in response can be derived, such as the importance of clear, simple tariffs (at least in an early phase) and the need for end-user education, including well-designed feedback systems. From the household perspective, there is a significant difference between the relatively static and more dynamic forms of dynamic pricing. While static TOU tariffs appear less suited for energy systems with high penetration of fluctuating renewable energy sources, they nevertheless show a relatively good performance in shifting loads on a regular basis because they are easy to understand.
Automated solutions in combination with dynamic pricing require active end-user acceptance based on the conscious examinations of settings and own consumption preferences. TOU tariffs could perhaps pave the way for RTP with automated solutions by accustoming households to the time-dependent value of electricity.
The finding on the correlation between educational backgrounds and good performance in smart grid trials (cf. Section 5.2) further underlines the hypothesis that one of the success factors is to continuously support and engage the end users with the new technologies, instead of just deploying them in their homes. Currently, the benefits of becoming a smart household seem to be only tangible and understandable for highly educated households. For new smart grid trials aiming to reach large numbers of end users, it is crucial to develop strategies for different end-user segments with different preferences. The incentives have to be tailored to or developed from the perspective of the end users and their daily routines. More research on end-user segmentation and preferences regarding smart grid technologies is thus needed.
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